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Abstract. Recent advances in 3D content generation from text or im-
ages have achieved impressive results, yet view inconsistency from 2D
generators and the scarcity of high-quality 3D data remain significant
bottlenecks. Existing solutions [21, 28] typically adapt large-scale pre-
trained text-to-image latent diffusion models to generate 3D Gaussian
Splats (3DGS). However, these approaches often rely on training complex
cascade pipelines that are computationally expensive and scalability-
limited. Most critically, the quality of generated 3D assets is inherently
constrained by each component capacity and compressed latent space,
leading to decoding artifacts and accumulated errors. To address these
limitations, we propose PixGS, a single-stage pipeline for direct high-
quality 3DGS generation, which leverages recent advances in pixel-space
diffusion to bypass lossy latent compression while still benefiting from the
vast 2D generative priors. By directly denoising 3D Gaussian attributes
at each timestep, our method enables precise, splat-level regularization
of both appearance and geometry. Furthermore, we introduce a compre-
hensive supervision strategy that incorporates surface normals, depth,
and high-frequency structural information, which is often overlooked in
prior works. Experiments demonstrate that PixGS outperforms current
state-of-the-art methods while maintaining a fast inference speed (≈ 1s
on a single A100 GPU), offering a robust and efficient alternative to
multi-stage generation pipelines.
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1 Introduction

While recent 3D generative advances often favor mesh-based representations [12,
18,43,58] for their geometric clarity in animation and printing, domains such as
VR/AR, gaming and film prioritize visual realism and rendering efficiency. This
has cemented 3D Gaussian Splats (3DGS) [16, 17] as a pivotal representation,
fueling research efforts to integrate its superior rendering capabilities into robust
generative pipelines.

Several existing methods [40,46,49] attempt to synthesize 3DGS using multi-
view-aware 2D diffusion models [23, 36] to generate consistent images of an ob-
ject, followed by a separate 3D reconstruction stage. While promising, the final
⋆ Qualcomm AI Research is an initiative of Qualcomm Technologies, Inc.
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3D quality is strictly capped by the upstream 2D generator, and any slight incon-
sistency in the generated views leads to artifacts (floaters) during reconstruction.

A recent promising direction involves directly generating 3DGS in an image-
like format. Inspired by generalizable 3DGS reconstruction techniques [3, 39],
DiffSplat [21] finetunes latent diffusion models to generate 2D tensors where
each pixel encodes the attributes of a 3D Gaussian. While this provides multi-
view consistency and leverages 2D priors, it introduces a significant architectural
bottleneck. The pipeline requires training three interdependent models: a 3DGS
reconstructor, a VAE to compress attributes into a latent space, and a latent dif-
fusion model. This cascaded training regime is computationally expensive and
introduces substantial engineering overhead, as each stage must converge rea-
sonably well before the next can proceed, making the overall system fragile and
difficult to scale. Also, to mitigate the computation costs of repeated Gaussian
decoding during diffusion training, DiffSplat employs an additional lightweight
decoder, trained from scratch, which reduces memory usage at the expense of
increased system complexity. Moreover, reliance on a compressed latent space
inherently limits the representational capacity and fine-grained detail of the gen-
erated 3DGS.

We propose PixGS, a single-stage pipeline for high-quality 3DGS generation,
designed to address the limitations of previous works. PixGS leverages advances
in large-scale Pixel-space Image Diffusion [5,25,26,44,55] models trained on ex-
tensive image corpora. To capitalize on the powerful 3D geometry estimation
priors inherent in web-scale image diffusion models demonstrated in prior re-
search [10,15,19,21], we represent 3D objects using Gaussian attribute tensors,
which are 2D grids where each pixel encodes the geometric and textural prop-
erties of the 3DGS. Instead of relying on 3D latent space, our generative model
learns and operates directly at the splat distribution, denoising and regularizing
Gaussians at each timestep. To leverage this, we introduce a comprehensive loss
set, including depth and normal supervision, as well as Laplacian of Gaussian [27]
(LoG) loss for high-frequency feature regularization. By bypassing the training
requirements of VAE latent compression and integrating LoG loss, we success-
fully capture intricate details that previous methods often fail to recover (such as
text and thin structures) while maintaining computational efficiency. Alongside
the applied loss functions, we introduce a three-phase training schedule that de-
couples the generative model from the constraints of the reconstruction model.
Our contributions can be summarized as follows:

– We introduce PixGS, a single-stage pipeline for high-quality 3DGS genera-
tion that bypasses the limitations of latent compression and is highly scal-
able.

– We adapt 2D pixel-space diffusion to operate on Gaussian attribute tensors
while preserving powerful pre-trained 2D priors to ensure rapid convergence.

– We integrate a suite of loss functions designed for the direct supervision of
3DGS geometry and appearance, focusing on high-frequency details and a
three-phase training scheme that progressively enhances generation quality
beyond the capabilities of the initial 3DGS reconstructor.
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– Extensive experiments demonstrating the strong performance of PixGS, sup-
ported by ablation studies that validate the effectiveness of each design
choice.

2 Related Work

Optimization-based generative models. Early breakthroughs in 3D gener-
ation were dominated by optimization-based methods [20,33]. These approaches
leverage the visual richness of 2D diffusion models to iteratively refine 3D repre-
sentations, typically NeRFs, through Score Distillation Sampling (SDS), ensuring
their rendered views align with a text prompt. Following the introduction of 3D
Gaussian Splatting, frameworks [6,41,53] adapted these optimization strategies
to 3DGS representation, significantly accelerating the synthesis process. While
these methods require no ground-truth 3D data and inherit the creative capacity
of 2D foundations, they are notoriously slow due to their per-scene optimization
requirement. Furthermore, they frequently suffer from over-smoothed geometry
or multi-view inconsistencies, such as “Janus" problem [45].
3D-native generative models To facilitate feed-forward synthesis, 3D-native
generative models [14, 29, 57, 60] have emerged to learn 3D shape distributions
directly from geometric data. These approaches achieve rapid inference and
maintain superior geometric consistency compared to optimization-based meth-
ods. However, they are fundamentally constrained by the scale of available
3D datasets [7, 8], which are orders of magnitude smaller than web-scale im-
age corpora. Consequently, capturing high-quality textures and complex topolo-
gies often necessitates massive architectural capacity, as seen in recent frame-
works [43,47,48,58]. Despite their scale, these models often struggle to generalize
beyond their specific training distributions compared to methods that leverage
2D foundation priors.
Reconstruction-based 3D Generative Models A prominent direction in-
volves 2D prior utilization through a multi-stage process: first producing multi-
view-consistent 2D images [23,36,42] and then mapping them to 3D space via a
separate reconstructor [4,40,46,49,51]. However, this sequential architecture in-
troduces a significant geometric bottleneck. Because the reconstructor treats the
generated images as fixed ground truth, any subtle inconsistencies in perspective
or texture between views lead to accumulated errors and “floaters" highlighting
the inherent difficulty of maintaining geometric integrity in decoupled pipelines.
Structured 3DGS Generation Building on generalizable reconstruction frame-
works [3,39,54], recent methods [21,28] attempt to directly synthesize 3DGS as
structured 2D attribute tensors. While this image-like format facilitates multi-
view consistency, it typically necessitates a complex, multi-stage pipeline. The
cascaded regime introduces substantial engineering overhead and training fragility,
as it requires the sequential convergence of interdependent components. Con-
versely, single-stage approaches like DiffusionGS [2] attempt to generate 3DGS
directly through a diffusion process. However, these models typically rely on spe-
cialized architectures trained entirely from scratch on synthetic 3D datasets. By
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discarding pre-trained 2D priors, these models suffer from slow convergence and
limited generalization, as they must learn basic visual semantics and appearance
cues solely from a relatively small 3D training corpus. Our method addresses the
limitations of previous works by introducing a single-stage framework leveraging
large-scale 2D priors, with fast inference that produces high-quality 3D content.

3 Background

3.1 Pixel-Space Diffusion

Pixel-space diffusion models [5, 25, 26, 44, 55] generate images by learning a ve-
locity field v�(xt; t) on the raw pixel manifold x 2 RH�W�3. Following the
Flow Matching formulation [22], the forward process defines a probability path
xt = tx1 + (1 � t)x0 between data x1 and noise x0 � N (0; I), with t 2 [0; 1],
where the model is trained to predict the constant velocity vt = x1 � x0. To
maintain computational efficiency without a VAE, these models partition the
image into large patches X = fXngNn=1 (e.g., 16� 16).

However, standard linear decoders struggle to recover high-frequency details
from large, compressed tokens. PixNerd [44] improves this by introducing a
patch-wise neural field. For each patch token Xn, the transformer predicts the
weights Wn of a local MLP: Wn = Linear(SiLU(Xn)). The velocity vn(i; j) for
a specific pixel coordinate (i; j) is then decoded as:

vn(i; j) = MLP (Concat[PE(i; j);xnt (i; j)] j Wn) ; (1)

where PE is a coordinate encoding (DCT-basis [1]). By replacing fixed linear
projections with coordinate-conditioned neural fields, PixNerd achieves high-
fidelity, single-stage generation directly in pixel space.

3.2 Splatter Image

Splatter Image [39] represents a 3D scene as an image-structured collection of
3D Gaussians. Unlike unordered point clouds, it utilizes a 2D image of size
H �W as a container, where each pixel u stores the parameters of exactly one
3D Gaussian, where dimension K include the Gaussian properties: opacity �,
color c, covariance �, and center �. Subsequently, an image-to-image network is
employed to map the input image into a gaussian tensor M 2 RK�H�W .

To reconstruct the 3D geometry from a single view, the center � of a Gaussian
at pixel u = (u1; u2) is parameterized by a predicted depth d and a 3D offset
� = (�x; �y; �z):

� =

24u1d+�x

u2d+�y

d+�z

35 : (2)

While the Gaussians are initially aligned with camera rays, the predicted 3D off-
sets � allow the network to “splat" Gaussians into unobserved regions, enabling
a full 360� reconstruction from a single viewpoint.



PixGS: Pixel-Space Di�usion for Direct 3D Gaussian Splat Generation 5

3.3 3DGS Rendering

3D Gaussian Splatting (3DGS) [16, 17] represents a 3D scene using a set of
explicit, translucent Gaussian primitives. Each Gaussian is parameterized by
its center � 2 R 3, opacity � 2 [0; 1], color c (often represented via Spherical
Harmonics), and a 3D covariance matrix �. To ensure physical validity during
optimization, � is factored into a scaling matrix S and a rotation matrix R as
� = RSS > R> .

To render the scene from a given viewpoint, 3D Gaussians are projected into
2D image space. Using a local a�ne approximation of the camera transformation,
the projected 2D covariance � 0 is computed as:

� 0 = JW�W > J > ; (3)

where W is the world-to-camera transformation matrix and J is the Jacobian
of the projective transformation. The �nal color C for a pixel is determined
by sorting the N overlapping Gaussians by depth and performing di�erentiable
�-blending:

C =
NX

i=1

ci � i

i�1Y

j=1

(1 � � j ); (4)

where � i is the density of the i-th Gaussian at that pixel, calculated by evaluating
the 2D Gaussian distribution multiplied by the opacity � i .

4 Methodology

PixGS is a single-stage, pixel-space di�usion model that directly generates 3DGS
parameters bypassing the limitations of a latent bottleneck. Our motivation for
adopting an image-like 3D representation (Sec. 4.1) is to leverage established
2D image priors while avoiding the information loss associated with VAE com-
pression. We introduce a suite of tailored design choices (Sec. 4.2), objectives
(Sec. 4.3), and training schemes (Sec. 4.4) that adapt pixel-level di�usion to the
requirements of 3DGS generation.

4.1 3D Representation

Following Di�Splat [21], we parameterize our 3D representation as a grid of
pixel-aligned Gaussians, where each primitive gi 2 R12 consists of color c, scale
s, rotation r, opacity o, and depth d. The 3D position x can be unprojected from
the 2D image plane using the camera's intrinsic K and extrinsic fR; tg matrices:
x = R > K �1 [ujd] � t, with [ujd] is homogeneous pixel coordinates u 2 R 2 with
depth.

We represent each 3D object as G 2 RVin �g�H�W tensor, where H � W
denotes the spatial resolution of a 2D grid and each pixel encodes the attributes
of a single Gaussian primitive and g denotes the number of Gaussian parame-
ters. Here, Vin represents the number of grids, each corresponding to a camera
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Fig. 1: Pipeline Overview. PixGS directly denoises 3D Gaussian attribute tensors
conditioned on image and text prompts utilizing 2D priors from Pixel Di�usion models.
� denotes the concatenation of features.

viewpoint that spatially covers the object, resulting in a total of V in � H � W
Gaussians. Intuitively, this representation is analogous to a multi-view image set
where Gaussian attributes replace standard RGB channels, thereby facilitating
the seamless adaptation of 2D pixel-space di�usion models to 3D generation. To
bootstrap the training process, we obtain pseudo-labels from o�-the-shelf 3DGS
reconstructors that follow a Splatter Image-style [39] representation, mapping
multi-view images into our target attribute space. Speci�cally, we utilize the re-
construction capability of GSRecon [21], �ne-tuning it to generate pseudo-labels
for training our generative model.

4.2 Generative model

We adapt PixNerd [44] architecture to the 3D domain, leveraging its exten-
sive pre-trained priors to facilitate Gaussian generation. By building upon this
framework, our model inherits rich 2D knowledge acquired from a large-scale
corpus of approximately 45 million images, which provides a robust foundation
for capturing complex visual details.

Model Architecture An overview of our proposed PixGS pipeline is illus-
trated in Fig. 1. Given a batch size B of Gaussian attribute tensors G1 2
RB�V in �g�H�W , we de�ne a linear probability path following Flow Matching
formulation [22]. The forward di�usion process interpolates between the data
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tensor G1 and a Gaussian noise tensor G0 � N (0; I) as follows:

Gt = tG1 + (1 � t)G 0; t 2 [0; 1]: (5)

To provide the model with geometric guidance, we augment the noisy ten-
sor with Plücker coordinates [37] P 2 RVin �d pl �H�W representing the camera
rays for each viewpoint. The resulting augmented tensor is denoted as G0t 2
RB�V in �c�H�W , where c = g + dpl is the total channel dimension.

Following the pixel-space di�usion convention, we partition the spatial di-
mensions of each viewpoint into large non-overlapping patches of size P � P
(e.g. P = 16). These patches are �attened and concatenated to form a sequence
of tokens X 2 R (B�V in )�L�D , where L = HW

P 2 is the sequence length per view
and D = P 2 � c is the token dimensionality.

To ensure cross-view geometric consistency, we extend the standard Attention
block to a Multi-view Attention block [13]. By reshaping the token sequence
to X 2 R B�(V in �L)�D before attention computation, each patch is allowed to
attend to all other patches across all viewpoints of the same 3D object. We also
adapt RoPE2d [38] in Pixel Di�usion into a Multi-view RoPE2d. Rather than
applying embeddings independently to each view, we treat Vin viewpoints as
spatially aligned segments of a high-resolution composite image. Speci�cally, we
scale the RoPE2d coordinate manifold to a virtual resolution of (Vin

2 H)�( Vin
2 W)

to accommodate the collective resolution of all views, assigning unique positional
embeddings across Vin � L tokens. This combination allows the transformer to
learn relative spatial relationships not only within a single view but across the
entire multi-view collective.

Following the transformer blocks, the �nal hidden states X n
v , representing

the n-th patch of viewpoint v-th, are used to parameterize a local neural �eld.
We predict the weights Wn

v of a patch-speci�c MLP via a linear projection of
the conditioned hidden states:

W n
v = Linear(SiLU(X n

v )): (6)

To denoise Gaussian splats directly in pixel space, the velocity v at a speci�c
multi-view pixel coordinate (v; i; j) within the patch is decoded as:

v n (v; i; j) = MLP
�
Concat[PE(v; i; j); G 0n

t (v; i; j)] j W n
v

�
; (7)

where PE denotes a coordinate encoding and G0nt is the noisy input at patch n.

Image-conditioned Paradigms Our objective is to develop a 3D generative
framework that can be conditioned on either text or images. However, since text-
to-image pixel di�usion models do not natively support visual prompts, we must
adapt the architecture to accommodate the image modality. To this end, we
explore two widely adopted approaches for image-conditioned generation: View
Concatenation [2,21] and Image Prompt Adapter [48,52]. We provide a schematic
overview of these approaches in Fig. 2 and a comparison of their performance in
our ablation study (Sec. 6.2).
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(a) Viewpoint Concatenation (b) Image Prompt Adapter

Fig. 2: Paradigms for image-conditioned generation. We explore two strategies:
(a) The reference image is integrated as an additional viewpoint (b) Semantic features
are extracted and injected via cross-attention. � denotes the concatenation of features.

Viewpoint Concatenation: In this con�guration, we incorporate the reference
image Icond as a guided viewpoint by projecting its RGB channels to match the
Gaussian attribute dimension g and append the Plücker coordinates representing
the reference camera pose. This conditioned feature map is then concatenated
along the view dimension with the noisy attribute tensor Gt .

Image Prompt Adapter: This approach leverages DINO-v2 [30] to extract fea-
tures from I cond . We employ an AdaLN [32] module to inject viewpoint infor-
mation, where embedding is scaled and shifted based on the reference Plücker
coordinates. The image-embedding is subsequently projected to match the text-
embedding dimensionality and are prepended to the textual prompt tokens.

4.3 Training Objectives

Our model is trained using a multi-task objective that combines generative mod-
eling with pixel-aligned rendering supervision and structural regularization.

Flow Matching Loss: Following Flow Matching [22] formulation, the model v�

is trained to predict the constant velocity v t = G1 � G 0 that moves noise toward
the data manifold:

L FM = E t;G 0 ;G1

�
kv� (Gt ; t) � (G 1 � G 0)k2

2

�
; (8)

where t is uniformly sampled from [0; 1]. As analyzed in Sec. 6.1, relying exclu-
sively on �ow matching supervision results in poor 3D consistency, as the model
�ts the pseudo-label distribution without understanding underlying geometric
constraints. To ensure physical plausibility, we complement the �ow matching
objective with direct supervision of 3D appearance and geometry.
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Appearance Loss: Although our model produces a large number of Gaussians,
many initially appear as low-opacity background artifacts (Fig. 6). To maximize
primitive utilization, we perform rendering at twice the spatial resolution of
the attribute tensor G1 (2H � 2W). This super-resolution supervision provides
a dense gradient signal, forcing the model to concentrate Gaussian density on
valid object surfaces and recover high-frequency details that exceed the base grid
resolution.

L app =
1
V

VX

v=1

�
L MSE (I v ; I GT

v ) + � pL LPIPS (I v ; I GT
v ) + L MSE (M v ; M GT

v )
�

; (9)

where Iv and Mv are the RGB images and silhouette masks di�erentiably ren-
dered from the predicted 3D Gaussian tensor G1 via 3DGS rasterization [56],
and V denotes the number of rendered supervision views.

Geometry Loss: We regularize the underlying geometry using surface normal
and depth supervision:

L geo =
1
V

VX

v=1

�
� dkD v � D GT

v k2 + � n (1 � cos(N v ; N GT
v ))

�
; (10)

where Dv and Nv are the rendered depth and surface normal maps, respectively.

High-frequency Loss: To capture actively intricate details, we introduce a Multi-
Scale Laplacian of Gaussian (LoG) loss LLoG . More detailed analysis on LLoG

will be provided in the Appendix. The LoG loss operates on the rendered images
to emphasize high-frequency feature alignment:

L LoG =
1
V

VX

v=1

 
X

�2S

! � k�(G � � I v ) � �(G � � I GT
v )k1

!

; (11)

where S denotes the set of standard deviations for the Gaussian kernels, �
is the Laplace operator and G� is a Gaussian kernel, and scale-speci�c weights
! � / � 2, balances the contribution of sharp features against rendering noise.
The total objective is de�ned as:

L total = � f L FM + � aL app + � gL geo + � l L LoG : (12)

4.4 Training Scheme

We utilize GSRecon solely for early guidance through a three-phase training
schedule: (1) �ow matching on pseudo-labels, (2) �ow matching combined with
ground-truth (GT) rendering supervision de�ned in Sec. 4.3, and (3) GT-only
supervision. Under this schedule, pseudo-labels are mainly used to bootstrap
convergence and improve training stability, rather than to determine PixGS's
�nal quality. This is because they are limited to the �rst 50K iterations, whereas
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the longest stage, phase 3, relies entirely on GT-only supervision for 150K itera-
tions. Phase 2 then serves as a smooth transition from pseudo-label pretraining
to GT-only �ne-tuning, improving robustness with limited overhead.

Because 3DGS [16,17] imposes strict requirements on attribute value ranges
and properties: coordinates, color, opacity, and scale must remain within strict
range, while rotations must maintain unit norm. Applying rendering losses pre-
maturely when there is signi�cant noise in early iterations causes numerical
instability, leading to NaN gradients. Consequently, we use the �ow matching
loss with guidance from pseudo-labels in early stages to gradually map the model
output to 3DGS attribute distribution, facilitating a stable transition to Phase
2 for appearance and geometry supervision. At this stage, because background
Gaussians have been suppressed to near-zero opacity, the rendering process is
signi�cantly faster, leading to shorter iteration times.

However, the di�usion objective alone cannot perfectly learn the valid 3DGS
attribute format. While we L 2-normalize rotations and clamp other attributes
during the forward pass, these operations can introduce discrepancies that make
rendering losses unreliable. We observe that although di�usion training eventu-
ally produces values close to the correct range, the unit-norm rotation property
is particularly di�cult to learn solely through �ow matching. To address this,
we introduce an explicit regularization term for the rotation attribute norm:

L rot = E
�
(krk 2 � 1) 2�

; (13)

where r denotes the predicted rotation quaternion. This training scheme ensures
numerical stability and facilitates the rapid convergence of our generative model.

5 Experiments

5.1 Experimental Settings

Datasets: We train PixGS on G-Objaverse and G-Objaverse-XL Alignment [34],
which are curated high-quality subsets derived from Objaverse [8] and Objaverse-
XL [7], respectively. We further re�ned these collections by �ltering assets based
on aesthetic scores, resulting in a �nal training corpus of over 500K 3D objects.
Each asset is rendered from 38 diverse viewpoints to ensure comprehensive spa-
tial coverage, with corresponding textual descriptions provided by Cap3D [24].

Text-Conditioned: To evaluate the quality of our text-to-3D synthesis, we utilize
300 prompts from T3Bench [11] benchmark. These prompts are categorized into
three levels of complexity: single object, objects with surroundings, and multi
objects. We quantify the alignment between the input text and the rendered 3D
results using CLIP similarity [35] and CLIP R-Precision [31] (ViT-B/32). Fur-
thermore, we employ ImageReward [50] to assess the generated assets according
to human aesthetic preferences.
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Fig. 3: Qualitative Results and Comparisons on Text-conditioned 3D Gen-
eration. Best viewed ZOOMED-IN.

Image-conditioned: For tasks involving image-conditioned generation and re-
construction, we benchmark our model on 300 randomly selected objects from
GSO [9] dataset, which remain unseen during training. We evaluate the quality of
the synthesized views against GT renders using standard reconstruction metrics,
including PSNR, SSIM, and LPIPS [59], all quantitative results are computed
and averaged across multiple sampled viewpoints.

5.2 Text-conditioned Generation

Baseline: We benchmark our method against 5 state-of-the-art baselines capa-
ble of generating 3DGS representations. Di�Splat [21] adapts pre-trained text-
to-image latent di�usion models to generate Structured Splats. Among 3D-
native models, TRELLIS [48] generates 3DGS from a sparse voxel latent space,
while GaussianCube [57] employs a 3D UNet to learn Gaussian distributions
within a prede�ned voxel grid. We also compare against DreamGaussian [41],
an optimization-based framework that utilizes progressive densi�cation, and
LGM [40], a feed-forward reconstruction model that we adapt for text-to-3D
tasks by pairing it with a multi-view di�usion model [36].

Results and Comparisions: As demonstrated in Tab. 1 and Fig. 3, PixGS ex-
hibits strong prompt alignment and visual quality among text-conditioned 3DGS
generators. By inheriting 2D generative priors and bypassing latent compression
such in Di�Splat, our approach successfully handles complex prompts. Con-
versely, 3D-native architectures are hindered by the limited availability of text-
3D pairs for training from scratch. Both reconstruction and optimization-based
frameworks su�er from multi-view inconsistencies due to their reliance on a 2D
di�usion models, which struggle to maintain geometric coherence.
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Table 1: Quantitative evaluations on T3Bench. y denotes reconstruction-based meth-
ods requiring additional text-conditioned multi-view generative models. GC and DG
denote GaussianCube and DreamGaussian, respectively. Bold indicates best, underline
second best.

Method Di�Splat [21] TRELLIS [48] GC LGM y DG PixGS
SD-1.5 SD-3.5 L XL [57] [40] [41] (Ours)

Single Object
" CLIP Sim % 30.63 30.99 28.77 28.75 27.35 29.96 24.78 31.98
" CLIP R-Pre % 78.50 84.75 68.50 69.50 50.75 78.00 37.75 88.75
" ImgReward -0.490 -0.196 -1.033 -0.961 -1.521 -0.720 -1.635 -0.171
Single w/ Surr
" CLIP Sim % 30.20 30.91 28.37 28.35 25.60 27.79 23.81 31.32
" CLIP R-Pre % 86.00 87.75 73.50 70.00 47.25 55.00 41.50 87.25
" ImgReward -1.063 -0.447 -1.604 -1.518 -2.063 -1.772 -1.953 -0.341
Multiple Objects
" CLIP Sim % 27.62 29.44 26.28 26.58 23.93 27.07 23.97 30.45
" CLIP R-Pre % 69.25 74.00 48.00 49.75 26.25 51.00 28.50 77.25
" ImgReward -1.585 -0.805 -1.906 -1.883 -2.193 -1.731 -2.069 -0.740
#Latency (s) 1 3 5 7 3 6 47 1

5.3 Image-conditioned Generation

Baseline: For the image-conditioned task, we compare our method against four
representative baselines: Di�Splat [21], TRELLIS [48], a single-stage pipeline
Di�usionGS [2], and LGM [40] as a reconstruction-based method that relies on
a separate multi-view di�usion model [36] conditioned on an image prompt.

Results and Comparisions: Quantitative and qualitative results (Tab. 2, Fig. 4)
show that PixGS obtains favorable results in alignment and geometric �delity.
Unlike Di�usionGS, which struggles to generalize to unseen images due to being
trained from scratch on limited corpus of synthetic 3D views. Furthermore, we
observe that 3D-native models like TRELLIS face challenges in reference-view
alignment. Because of operating in a canonical latent space without explicit
viewpoint-conditional supervision, it often fails to reproduce the exact spatial
orientation and perspective required to match the ground-truth reference image.

6 Ablation

We analyze the e�cacy of our image-conditioning strategies, loss functions,
multi-phase training schedule and pseudo-label dependence through a series
of ablation experiments. These models are trained on the G-Objaverse [8, 34]
dataset (265K assets) and evaluated on subset of 1,000 samples from G-Objaverse-
XL Alignment [7,34].
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Fig. 4: Qualitative Results and Comparisons on Image-conditioned 3D Gen-
eration. Best viewed ZOOMED-IN.

Table 2: Quantitative evaluations on the GSO dataset. y denotes methods requiring
additional image-conditioned multi-view generative models. Bold indicates best result,
underline second best.

Method Di�Splat [21] Di�usionGS TRELLIS-L LGM y PixGS
SD-1.5 SD-3.5 [2] [48] [40] (Ours)

" PSNR 19.57 19.59 16.53 17.70 15.61 21.21
" SSIM 0.810 0.811 0.770 0.797 0.764 0.842
#LPIPS 0.159 0.158 0.217 0.172 0.245 0.123
#Latency (s) 1 3 12 6 2 1

6.1 Training Strategy

Tab. 4 highlights that adapting 2D pixel-space di�usion to the 3DGS modality
requires more than naive distribution matching. Although optimizing only the
�ow-matching objective on pseudo-labels leads to rapid loss convergence, it does
not guarantee high-quality 3D synthesis. Since our model operates directly at
the splat level, small errors in attribute prediction, especially for near-zero opac-
ity values, can produce persistent ��oater� artifacts (see Fig. 6). Thus, pseudo-
label supervision is most useful as early guidance, while the main training signal
comes from ground-truth appearance supervision. Geometry loss is auxiliary re-
�nement for depth and normal quality, and the rotation regularizer stabilizes
Gaussian parameterization, preventing numerical instability. Furthermore, the
integration of the Multi-Scale LoG loss encourages the model to preserve high-
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